Abstract: Recently, research on complex network theory and applications draws a lot of attention in both academy and industry. In mobile ad hoc networks (MANETs) area of research, a critical issue is to design the most effective topology for given problems. It is natural and significant to consider complex networks topology when optimising the MANET topology. Current works usually transform MANET or sensor network topologies into either small-world or scale-free. However, some fundamental problems remain unsolved. Specifically, what are the average shortest path length, degree distribution and clustering characteristics of MANETs? Do MANETs have small-world effect and scale-free property? In this work, the authors introduce complex networks theory into the context of MANET topology and study complex network properties of the MANETs to answer the above questions. The authors have theoretically analysed the degree distribution and clustering coefficient of MANETs and proposed approach to computing them. The degree distribution and clustering coefficient of MANETs are theoretically deduced from node space probability distribution on different mobility models (including but not limited to random waypoint model). Simulation results on average shortest path length, clustering coefficient and degree distribution show that in most cases MANETs do not have the small-world effect and scale-free property.
In this paper, we attempt to apply complex network theory onto MANET topology research in order to answer the following questions theoretically. (i) What are the average shortest path length, degree distribution and clustering characteristics of MANETs? (ii) Do MANETs have smallworld effect and scale-free property? In the following, we outline our approach briefly; a more comprehensive discussion is presentation in Sections 2 -4. The first step in this study is to formally define three metrics of complex network topology, viz. average shortest path length, clustering coefficient and degree distribution. Then, we theoretically analyse the degree distribution and clustering coefficient of MANETs. Based on different mobility models [e.g. random waypoint (RWP) model], we can derive the node space probability distribution. Further, the degree distribution and clustering coefficient of MANETs can be calculated. Finally, we use simulation to evaluate whether MANET topology has small-world effect and scale-free property or not.
The rest of the paper is organised as follows. Section 2 defines the three complex network topological metrics. Section 3 introduces the mobility models and node space probability distributions. An in-depth analysis of the three metrics from MANET is presented in Section 4. The experimental evaluation results and analysis are discussed in Section 5. Section 6 concludes the paper.
Complex network topological metrics
A complex network can be usually represented by a graph G ¼ (V, E) consisting of a vertex set V and an edge set E. The number of the vertices in graph G is its order, denoted by n ¼ |V|. Similarly, the number of edges in graph G is its size, denoted by m ¼ |E|. In an undirected graph G, edge e ¼ (u, v) and edge e ¼ (v, u) represent the same edge. For a weighted graph, each edge e is associated with a weight w(e) ≥ 0. On the other hand, the edge weight in an unweighted graph is a constant of 1. In this paper, all graphs representing complex networks are undirected and unweighted.
Average shortest path length
Let i and j be two vertices of a graph G, a path between these two vertices is a list of non-repeatable vertices and connecting edges. Path length is defined as the number of the edges in the path. We use d ij to denote the shortest path length of all the paths between vertices i and j.
Definition 1 (Graph diameter):
The maximum value of all the shortest path length between any two nodes in the graph is the diameter of the graph, denoted as Dia.
Definition 2:
The average shortest path length of vertex v i is
Definition 3: The average shortest path length L of the graph G is the average value of the shortest path length between any two nodes in the graph. That is
In an undirected graph,
The average shortest path length is usually called as characteristic path length. For an unconnected graph, there may be d ij ¼ 1. So it may calculate L ¼ 1 according to (3) . In order to avoid the above problem, the network average shortest path length is usually defined as the average shortest path length value of all existing paths. Or it defines L as harmonic average shortest path length of all node pairs. That is
Clustering coefficient
In the network, if node i connects with node j and node j connects with node k, node i may connect node k. For example of a social friendship network, this means that your friend's friend may be your friend. As shown in Fig. 1 , the triangle connected with node i is illustrated in Fig. 1a , and the triple connected with node i is shown in Fig. 1b .
Definition 4:
Clustering coefficient of node i is
where TA i is the number of triangle with node i; TP i is the number of triple with node i. Node i connects with other nodes by k i edges, these k i nodes are neighbours of node i. There are k i (k i 2 1)/2 edges among these k i nodes. Let E i be existing edges among these k i nodes. Apparently, according to geometric characteristics, the clustering coefficient is also defined as
For node i whose degree is 0 or 1 (node i has no neighbour or 1 neighbour), let C i ¼ 0. Definition 5: The network clustering coefficient C is the average value of clustering coefficients of all nodes.
Degree
Let G be a graph, vertex i [ V, vertex i's degree is the number of edge connected with vertex i, denoted by k i .
Definition 6:
The network average degree is the average value of degree of all nodes, denoted by kkl.
Node degree distribution can be described by distribution function P (k) in the network. P (k) denotes the proportion covered by the number of nodes whose degree is k in the total number of all nodes. In other words, it indicates the probability of a node randomly selected whose degree is k.
3 Mobility model and node space probability distribution
In order to thoroughly simulate a new protocol for MANETs, it is imperative to use a mobility model that accurately represents the mobile nodes that will eventually utilise the given protocol. A mobility model should attempt to mimic the movement of real mobile nodes. Changes in speed and direction must occur in reasonable time slots. In the following, we will introduce two mobility models that will be investigated in this work.
Random waypoint model
The RWP model [16] was proposed by Johnson and Maltz. It is one of the most widely used mobility models in performance analysis of MANETs. RWP is defined as follows. Each node picks a sequence of random waypoints, P 1 , P 2 , . . . , P i , P i+1 , . . . , uniformly within an underlying physical space A. At each step, P i is the start location S and P i+1 is the destination location D. The node travels from S to D with a speed v whose value is uniformly chosen using a probability distribution
. v max is the maximal speed of the mobile node and v min is the minimal speed. Upon reaching the destination D, the node pauses for a time period t pause chosen by a uniform distribution f T (t) ¼ U(t min , t max ), where t max is the maximal pause time for the node and t min is the minimal pause time. The same process repeats in the whole simulation lifetime.
Reference point group mobility model
In reference point group mobility model (RPGM) [17] , each group has a logical 'centre'. The centre's motion defines the entire group's behaviour including location, speed, direction, acceleration etc. Thus, the group trajectory is determined by a path provided for the centre. Each node is assigned a reference point (RP) which follows the group movement. A node is randomly placed in the neighbourhood of its RP at each step. The RP scheme allows independent random motion behaviour for each node besides the group motion. In the following we give an illustration of how a node moves in a time. Each group has a group motion vector GM. First, the RP of a node moves with the group motion vector GM, Then the new node position is generated by adding a random motion vector RM to GM.
Node space probability distribution
One important intrinsic property of mobility model is the distribution of the node location (node space probability distribution, or node distribution in short), which may be far from uniform distribution. Knowledge about this distribution can, for example, be used to study the impact of a non-uniform node distribution against the common assumption of uniformly located nodes.
The works related with node space probability distribution are as follows. The node distribution of random walk model was proved to be uniform probability distribution in [18, 19] . Much more research is done on RWP model than on random walk model. The authors of [20] gave the accurate one-dimensional (1-D) space node distribution of RWP and a rough one for two-dimensional space in conditions with pause time 0 and fixed node speed. An accurate two-dimensional space node distribution of RWP was proposed in [21] . Other work [22] extended the research into 3-D and n-dimensional space and gave the results of RWP. The authors of [23] gave the 1-D and 2-D rectangle space node distribution of RWP. The authors of [24] studied the node distribution and average distance among waypoints, and gave the rectangle, circular and anomalistic space node distribution of RWP. Shi and Yang [25] put forward the 1-D and 2-D rectangle space node distribution of random direction model.
Complex network topological metrics analysis for mobile ad hoc networks
In this paper, node space is represented by a 2-D Euclidean space. The analysis for two measures of a complex network topology is generic that it can apply to not only RWP model, but also other mobility models. We can similarly analyse it after concluding the node distribution f L (l ) according to the characteristics of mobility models. In describing the link relation among nodes, this paper adopts a simple geometric link model [26] . We assume that a node sends signal with energy p t , another node receive signal with energy p r . If p r is greater than or equal to energy threshold p r,th , then there is a link relationship built between these two nodes. This paper assumes that all nodes have the same transmitting power p t and receiving power p r , and use omni-directional antennas. Thus, the premise for two nodes i, j to establish a link is that the distance d ij between the two nodes meets the following condition
where r 0 is the signal transmission range, a(2 ≤ a ≤ 5) is the environment channel loss index. If d ij ≤ r 0 , there is a link relationship existing between two nodes i and j.
Because the theoretical analysis for the average shortest path length is too complicated, this paper only analyses the degree distribution and clustering coefficient based on the RWP model.
Degree analysis
Degree is one of the inherent attributes of network node [27, 28] . If a node's degree is 0, then it cannot exchange information in a wireless communication network setting. Conversely, if the node degree is high, it may interfere with its neighbour nodes in signal transmission. Thus, the research on node degree is very necessary. In the following, we will present detailed degree distribution analysis based on the RWP model.
Node space probability distribution is f L (l ). There are n nodes in the network. The link probability between two nodes is P 0 (l ). Then the node average degree kkl in the MANETs is
Proof: The nodes in RWP are independent of each other, thus they have the same node space probability distribution f L (l ). If a node i connects node j, the node j must be located in the circular area A 0 (l ) where the centre is L and the radius is r 0 . The probability which the node j connects node i is
If L ¼ (x, y), this can be written as
There are n nodes in the network. According to binomial distribution, the probability distribution whose node degree K is equal to k is
The mathematical expectation of node degree K is
For small P 0 (l ) and large n, binomial distribution can be approximately expressed by Poisson distribution. So
where E{K|l} P 0 (l ). If P 0 (l ) ≤ 0.08 and n ≥ 1500P 0 (L), Poisson distribution can generate a fairly accurate estimated value.
For example, the probability in which a node is an isolated node can be calculated as follows
The probability which node degree is up to k is
Then, the node average degree kkl of the whole network is
The node space probability distribution function [24] based on RWP in circular area A with a radius of 1 is
From (10), (17) and (18), we can obtain the node average degree of MANETs with the RWP model, where the number of nodes is n and the circular area radius is 1.
where
The node space probability distribution function [23] based on RWP in square area A with side length of 1 is approximated as
From (10), (11), (17) and (20), based on the RWP model, the average node degree of MANETs with n nodes and side length 1 can be calculated as follows
Clustering coefficient analysis
In this section, we present an approach to calculate the clustering coefficient of MANETs. We first consider how to compute clustering coefficient for a certain node i. Suppose the node locates at L, we can compute its clustering coefficient according to (6) . From (12), node degree is
Now, the key problem is to figure out the number of the actual edges E i among node i and its k i neighbour nodes. These k i neighbour nodes locate in a circular area A 0 (l ), where the centre is L and the radius is r 0 . We randomly choose a node j within area A 0 (l ) with the space probability distribution f L (l ). Then, if a node connects node j, it must locate in A 0 (l ) and a circular area A j (l ) whose centre is L j and the radius is r 0 . The area is namely A 0 (l ) > A j (l ). The probability which a node connects node i is
There are k i nodes in A 0 (l ). Thus, according to binomial distribution, the mathematical expectation of degree K of node j is
So the node average degree kk j l in the whole A 0 (l ) is
Then, the number of the edges of k i nodes in the A 0 (l ) is
According to (6) , (22), (23), (25) and (26), we can obtain the clustering coefficient of node i.
Therefore the clustering coefficient of the whole network is
From (7), (19), (27) and (28), we can obtain the clustering coefficient of the network in the circular area with radius 1 based on RWP model is
where h(r) = 2(1 − r 2 ) p 0 1 − r 2 cos 2 u √ du. According to (7) , (20) , (27) and (28), we can obtain the clustering coefficient of the network in the square area [0, 1] 2 based on RWP
5 Simulation and analysis
In our experimental evaluation, we adopted a typical independent mobility model RWP and a group mobility model RPGM to simulate node mobility. We chose BonnMotion [29] to create and analyse a variety of RWP and RPGM mobility scenarios. Then the simulation is done on the network topology data generated from the above mobile scenarios. The average shortest network path length, clustering coefficient and the degree distribution were acquired through the data statistical analysis and calculations, for example, Dijkstra algorithm or Floyd algorithm [30] was used to calculate the shortest path. All the results in the simulation are the average values for 100 runs.
Simulation based on RWP
RWP simulation parameters are shown in Table 1 . It is noteworthy that the node minimal speed cannot be equal to 0. If the speed is 0, all nodes will finally stop in the simulation and cause deadlock [15, 31, 32] . Fig. 2 shows the harmonic average shortest path length of MANETs based on the RWP model. From Fig. 2a , we can conclude that as the number of nodes increases, the path length L decreases. The larger the simulation area is, the larger is the path length L, with the curve going up. As the speed of node increases, the path length L decreases gradually. We define node density as follows
Average shortest path length:
where N is the number of nodes; S is the simulation area. Then, as shown in Fig. 2a , the larger the node density is, the smaller is the path length L, and vice versa. From Fig. 2b we can see that as the signal transmission range increases, the path length L decreases. But the effect of pause time on path length L is almost negligible. As shown in Fig. 2c , when node density D is very small, the network is a non-connected graph. Thus, the average shortest path length is very large. When the node density D increases to assure the network connectivity, the path length L decreases rapidly. Fig. 3 shows the clustering coefficient of MANETs based on RWP. From Fig. 3a , we can conclude that with the increase in the number of nodes, the clustering coefficient increases. The larger the simulation area is, the smaller is the clustering coefficient, with the curve going up. With the increase in the speed of nodes, the clustering coefficient increases gradually. Hence, as shown in Fig. 3a , the larger the node density is, the larger is the clustering coefficient, and vice versa. According to Fig. 3b we can see that with the increase in the signal transmission range, the clustering coefficient increases.
Clustering coefficient:
But the effect of pause time on the clustering coefficient is almost negligible. As shown in Fig. 3c , we can conclude that with the increase of the node density and the signal transmission range, the connections among nodes increase, so the clustering coefficient increases synchronously. Fig. 4 shows the degree distributions of MANETs based on RWP. From Fig. 4a , we can see that the larger the node density D is, the larger is the degree k, the distribution function P(k) is wellproportioned. The smaller the node density D is, the smaller is the degree k, and the distribution function P(k) is relatively high. As shown in Fig. 4b , the node pause time and maximal speed have little impact on node degree. From Fig. 4c we can conclude that with the increase of the signal transmission range, the node degree increases and becomes well-proportioned. The node density and signal transmission radius can affect the node links, that is, node degree. Hence, it further affects the degree distribution P(k).
Degree distribution:

Simulation based on RPGM
RPGM simulation parameters are shown in Tables 2 and 3 . In comparison with RWP, RPGM simulation has more parameters. Maxdist and Maximum deviations from group centre are shown in Table 3 . Fig. 5 shows the harmonic average shortest path length of MANETs based on RPGM. From Fig. 5a , we can conclude that with the increase in the number of nodes, the path length L decreases. The larger the simulation area is, the larger is the path length L, with the curve going up. With the increase in the speed of nodes, the path length L is uncertain. Then, the larger the node density is, the smaller is the path length L, and vice versa. From Fig. 5b we can see that with the increase in the signal transmission range, the path length L decreases. But the effect of pause time on path length L is almost negligible. As shown in Fig. 5c , when node density D is very small, the network is a non-connected graph. Thus, the average shortest path length is very large, when the node density D increases to insure the network connectivity, the path length L decreases rapidly. In contrast with RWP, RPGM is a group mobility model whose nodes move in groups. So their links relationship in one group is assuring. Then, the harmonic average shortest path length in RPGM is smaller than that in RWP. Fig. 6 shows the clustering coefficient of MANETs based on RPGM. From Fig. 6a , we can conclude that with the increase in the number of nodes, the clustering coefficient increases. The larger the simulation area is, the smaller is the clustering coefficient, with the curve going up. The speed of nodes has little impact on the clustering coefficient. Hence, as shown in Fig. 6a , the larger the node density is, the larger is the clustering coefficient, and vice versa. According to Fig. 6b we can see that with the increase in the signal transmission range, the clustering coefficient increases. But the effect of pause time on the clustering coefficient is almost negligible. As shown in Fig. 6c , we can conclude that with the increase in the node density and the signal transmission range, the connections among nodes increases, so the clustering coefficient increases synchronously. Fig. 7 shows the degree distributions of MANETs based on RPGM. From Fig. 7a , we can see that the larger the node density D is, the larger is the degree k, the distribution function P(k) is well- proportioned. The smaller the node density D is, the smaller is the degree k, the distribution function P(k) is relatively high. As shown in Fig. 7b , the node pause time and maximal speed have little impact on node degree. From Fig. 7c we can conclude that with the increase of the signal transmission range, the node degree increases and becomes wellproportioned. The node density and signal transmission radius can affect the node links, that is, node degree. Hence, it further affects the degree distribution P(k).
Average shortest path length:
Clustering coefficient:
Degree distribution:
Analysis and discussion
This section mainly analyses and discusses the above simulation results and answers the following questions:
1. Do MANETs have small-world effect (large clustering coefficient and small average shortest path length)? As we know only relation graph can be a small-world graph [32] . In a relation graph, node link relation is not restricted by the distance among nodes. Initially, MANET topology belongs to space graph category since the link relationship between any two nodes is determined by the node signal transmission range. A node cannot connect to other nodes which are outside of its signal transmission range. Nevertheless, in some extreme cases, if the signal transmission range and node density of MANETs are large enough, the link relationship among nodes in the whole network may be not confined to the distances among nodes. So now, MANET topology is not pure space graph any more, it does hold some relation graph characteristics. This finding can be deduced by the RWP simulation results. For instance, when the node density D is very large, 1000 nodes in a 500 m × 500 m area in this case, the network has large clustering coefficient with a value of up to 0.6 for node signal transmission range of 50 m and 0.82 for node signal transmission range of 250 m; the network has small average shortest path length of 2.78 (node signal transmission range 50 m) and 1.26 (node signal transmission range 250 m), respectively. Therefore it can be assumed that as the MANET nodes density and node signal transmission range increase, the MANETs gradually transform from pure space graphs into relation graphs. In the RWP simulation (signal transmission range equal to 250 m and simulation area equal to 500 × 500 m), node transmission covers the entire simulation area. In this scenario, the MANET is a relation graph. In conclusion, MANETs may have small-world effect with appropriate conditions such as higher node density value or larger signal transmission range. However, in most cases MANETs are not small-world networks.
What about MANETs degree distribution? Do MANETs have scale-free property?
According to the degree logarithmic coordinate in Figs. 4 and 7, the curve representing the MANETs degree distribution is far from a straight line of scale-free networks and does not comply with power-law distribution. Hence, MANETs are not scale-free networks.
Human social relations have effects on computer networks (including MANETs). For instance, hyperlinks among web pages in WWW and communicating relation between two mobile users in cellular networks are all affected by human social relations. Mobile device users are usually people in MANETs, user mobility and connecting decision of mobile devices are consequentially affected by human behaviour and social relationship. So their communication links are not absolutely random. In MANETs, nodes increasing, random rewiring and preferential attachment may practically exist. For example, node i has m local neighbours and n long-distance neighbours. Then the probability node i communicates with one of its m local neighbours is higher than it communicates with one of its n long-distance neighbours given the communication fare difference. Moreover, if node i communicates more with node j compared with other nodes, then the probability of node i communicates with node j is much higher. In conclusion, nodes mobility and links relation of MANETs are inevitably affected by human behaviour and social relationship. So, we can take advantage of it to change the network topology. We can foresee that optimising the network topology according to the topological properties of complex networks will play significant role in the MANET topology construction and maintenance.
Conclusions
It is desirable to apply complex networks topology into MANET topology optimisation due to the following considerations. (i) A large number of practical networks (e.g. Blogsphere, social networks) are small-world networks or scale-free networks. (ii) The average shortest path length of small-world networks topology is very small. If presented in MANETs, it can effectively reduce the path length of messaging in the networks. (iii) Scale-free networks are very robust to random nodes failures, attacks, and errors. (iv) Complex network topology properties are also critical in optimising energy utilisation, network connectivity, throughput, capacity, design network protocols and managing networks.
In this work, instead of using the complex network properties directly into MANET research, we try to study some basic problems to understand in depth the conditions of utilising the complex network theory in MANETs.
The contributions of our work are twofold. (i) We theoretically analysed the degree distribution and clustering coefficient of MANETs and deduced numerical calculation methods based on the node space probability distribution, which is derived from mobility models. (ii) We theoretically analysed whether MANET topology has small-world effect and scale-free property or not. Through extensive simulations on both RWP and RPGM mobility models, we studied the average shortest path length, clustering coefficient and degree distribution metrics of the MANETs. The simulation results confirm our theoretical analysis that, in most cases, MANETs do not have the small-world effect and scale-free property.
Currently, we are exploring methods in computing the shortest path length in MANETs and deploy the research results and other complex networks topology in MANET topology management.
